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Abstract: It is a common recommendation not to attempt a reliability analysis with a small sample
size. However, this is feasible after considering certain statistical methods. One such method is meta-
analysis, which can be considered to assess the effectiveness of a small sample size by combining
data from different studies. The method explores the presence of heterogeneity and the robustness of
the fresh large sample size using sensitivity analysis. The present study describes the approach in the
reliability estimation of diesel engines and the components of industrial heavy load carrier equipment
used in mines for transporting ore. A meta-analysis is carried out on field-based small-sample data
for the reliability of different subsystems of the engine. The level of heterogeneity is calculated for
each subsystem, which is further verified by constructing a forest plot. The level of heterogeneity
was 0 for four subsystems and 2.23% for the air supply subsystem, which is very low. The result of
the forest plot shows that all the plotted points mostly lie either on the center line (line of no effect) or
very close to it, for all five subsystems. Hence, it was found that the grouping of an extremely small
number of failure data is possible. By using this grouped TBF data, reliability analysis could be very
easily carried out.
Keywords: reliability; Time between Failures (TBF); meta-analysis test; level of heterogeneity; sensi-
tivity analysis; forest plot
1. Introduction
Mining and the mineral industry are often the backbone of a country’s economy.
Mining of ore in India is mostly done by the open-pit mining method. Most of the open-pit
mines use dumpers or dump trucks as the equipment for transporting ore from the mine.
Dumpers are powered by diesel engines [1–5]. The engine consists of different subsystems
and is the most significant functioning unit of a dumper. Uninterrupted operation of the
engines is imperative to meet the production target of the mine. Although scheduled
maintenance at different time intervals is indicated by the manufacturers for the dumper
engines, breakdown of dumper engines still could not be eliminated and will always
remain a bottleneck. A reliability analysis can help to identify the blocks in the system [4–8].
The difficulty faced during a reliability study is the availability of a large pool of failure
data. In this research work, it is recommended to deal with a small sample size that groups
the failure data from each of the subsystems of three similar types of engines. Before
grouping the failure data, a meta-analysis test and a sensitivity analysis test are carried out,
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which will check whether grouping is possible or not so that the grouped failure data may
be utilized further for the reliability analysis.
From the literature review, it is evident that a very scarce amount of research related
to the reliability and maintainability of equipment used in mining has been carried out.
D.H. Olwell et al. [9] supplemented limited filed data with prior information using the
Weibull probability distribution. This paper carried out a survival analysis of the motor
used in missiles under field conditions using the Maximum Likelihood Estimation (MLE)
method and the Bayesian method [9–11]. R M. Mayer et al. [12] reported on grouping a
small amount of failure data in order to obtain a larger pool of statistical data to be used
in statistical interpretation [12,13]. G Wang et al. [14] proposed a method that determined
which small-sample failure data of diesel engines could be used for a reliability estimation.
The method was based on failure mode effects and criticality analysis (FMECA). The paper
written by L. Qin et al. [15] discussed the increasing number of failure data of bearings,
based on performance degradation data, in order to estimate distribution parameters.
The authors concluded that the small size of the failure data could be used in a reliability
analysis [13–18]. W. Si et al. [19] suggested the reliability model for repairable systems.
The failure time data used here is incomplete failure data. The proposed model can be used
to model a single system as well as multiple systems. L. Zhang et al. [20] used the Bayesian
method to evaluate the reliability of a very small amount of failure data. The authors
performed the reliability analysis on a wet friction plate that is used in a hydraulic control.
A review of the literature shows that the reliability studies conducted so far have
used a small amount of failure data [19–28]. The methods used for reliability analyses of
small-size data mostly make use of the Bayesian approach, the FMECA, and the Monte
Carlo method. Studies on the reliability of engine subsystems that make use of an extremely
small sample size of failure data have not been reported. The present study uses the meta-
analysis test, which has been used only in the medical field and not in the industrial field.
Using this method, the small failure data of any machine or system (in this case, the diesel
engine) can be grouped and easily used for further reliability analysis.
In an engine, maintenance philosophies involve performing maintenance after given
time intervals, usually after a set number of runtimes. In spite of the scheduled maintenance,
engine failure is inevitable, thereby decreasing the availability of dumpers and reducing the
production cost. A reliability analysis of engine subsystems is essential in the formulation
of maintenance strategies, which will decrease the downtime of an engine and increase
its availability. A main obstacle was the deficiency of adequate data for the appropriate
statistical analyses [23–30]. The present study gives specific guidelines for using the meta-
analysis test, which will solve the problem related to small-size failure data. After the
meta-analysis test, the failure data may be grouped and used for statistical analysis.
1.1. Related Works
A meta-analysis is a typical statistical analysis that combines the outcomes of multiple
scientific studies. Meta-analysis can be carried out when there are multiple scientific studies
addressing similar questions, with each individual study reporting assessments that are
expected to have some degree of erroneous results.
1.2. Methods for Meta-Analysis
The Time between Failure (TBF) data should be considered from the historical records
of the concerned equipment. The data grouping of failure data from each subsystem of
similar types of equipment has to be carried out. Prior to grouping the TBF data, the
level of heterogeneity of the failure data should be verified using a meta-analysis test.
Meta-analysis must be carried out to inspect whether or not the statistical results obtained
from the TBF data of individual equipment will be of a similar nature to the statistical
results obtained from the pooled TBF data of the relevant equipment. A sensitivity analysis
test also has to be performed for meta-analysis. In the sensitivity analysis test, a forest plot
was carried out for all the concerned subsystems of the concerned machineries.
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1.3. Related Mathematical Formulae and Their Significances
The outcome or effect size (ES) is calculated as follows:
Downtime hours
total run o f engine
This formula will calculate the character of the performance of the concerned equipment.




total run o f engine
Rate of outcome = Outcome × 100
This formula will calculate the rate of outcome of the concerned equipment based on
standard error.
The failure data for each subsystem must be weighed (W) against its variance, and




This formula will determine the weight against variance of each of the relevant
machinery based on standard error.
The weighted effected size for each equipment must be computed by the product of
the effect size and the study weight:
(W × ES)
Other important variables, W × ES2, must be calculated for each equipment required









Finally, the level of heterogeneity, i.e., i2, must be calculated. The i2 is used for
quantifying heterogeneity and is mentioned as a total variability percentage in a set of






where “df” stands for degrees of freedom, which is equal to n − 1, where n is the number
of engines under study; in this case, it is 3 − 1 = 2.
For Confidence Interval (CI)
CI UPPER = Outcome + 1.96 × SE
CI LOWER = Outcome − 1.96 × SE
Effect summary must be calculated as es = ∑(W × ES)∑ W .





The heterogeneity compares the criticality of differential performance of various
similar equipment based on standard error.
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2. Research Methodology
The engine considered in this study is the Dumper engine. Dumpers have a wide
range of carrying capacity—from 35 tons to 496 tons. A diesel engine consists of a number
of subsystems and components, of which a few are repairable and the others are non-
repairable. This makes the diesel engine a complex repairable system. The engines under
study are turbocharged compression ignition (C.I.) engines with 12 cylinders, V-type, and
a maximum power rating of 900 hp, rotating at 2100 rpm. In CI engines, air is compressed
in the combustion chamber such that the injected liquid fuel can easily catch fire and
burn progressively for power generation. Table 1 shows a list of the repairable and non-
repairable components of the engine subsystem chosen for study and their importance in
the operation of the engine.
Table 1. List of repairable and non-repairable components of the engine subsystem.
Sub-System Component Repairable Non-Repairable Importance in Operation
Air supply
Turbo charger Yes Increase the intake of air.
Compressor Yes Compress the air.
Air Distribution System yes It delivers air to all systems.
Oil Remover Yes
The oil remover removes the oil carried
out by the air during the compression
cycle.
Pressure Gauge yes It indicates system output pressure.
Moisture Separator yes It removes moisture from the incomingair.
After Cooler Yes It cools the air leaving the air compressor.
Inlet Air Filter Yes The dust and dirt from atmospheric air isremoved.
Electric motor yes It provides rotary motion to drive thecompressor.
Self-starting system
Starter gear Yes Connected to flywheel.
solenoid Yes It has one small connector for the startercontrol wire and two large terminals.
Motor yes Supply torque to main system.
battery Yes Supply electric spark.
Gear pump Yes Pump out the fuel from tank.
Filter Yes Clean the fuel.
Fuel supply system
Pulsation damper Yes Reduce vibration produced due tovacuum.
Magnetic screen Yes Caught ferrous particles.
Injector Yes Inject spray of fuel.
Throttle Yes Control amount of fuel supply.
Shut down valve Final control of fuel to injector isperformed by this valve.
Push rod Yes Regulate injector by cam movement.
Cam Yes Time management regulation of fuel.
Fuel tank Yes Accumulate fuel.
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Table 1. Cont.
Sub-System Component Repairable Non-Repairable Importance in Operation
Lubrication system
Crankshaft main
bearings Yes To reduce friction.
Big end bearings Yes To reduce friction.
Piston pins and small
end bushes Yes To reduce friction.
Cylinder walls Yes Its function is to provide sliding surface.
Piston rings Yes Sealing the combustion chamber.Improving heat transfer from the piston.
Timing Gears Yes Allow the camshaft and crankshaft to turnthe timing chain.
Camshaft and bearings Yes Controls the action of the valves, rotates athalf the crankshaft speed.
Valves Yes To supply oil.
Tappets and push-rods Yes Regulate oil.
Oil pump parts Yes To pump oil to lubrication system.
Water pump bearings Yes To reduce friction.
In-Line Fuel Injection
Pump bearings Yes To reduce friction.
Turbocharger bearings Yes To reduce friction.
Cooling system
Radiator Cooling Fans Yes
The radiator fans maintain the air flow




It allows the coolant to safely reduce
temperatures if they exceed limit.
Water Pump Yes A water pump circulates the coolant.
Thermostat Yes The thermostat measures the temperatureof the coolant.




Yes It prevents combustion gases fromescaping past the mating surfaces.
Hoses Yes Connect the components of the coolingsystem.
Radiator Yes Radiate heat.
Fins Yes Part of radiator.
The Time between Failure (TBF) data is collected from the log book of the surface
mining project. In this research work, we performed a small sample size grouping of the
failure data for each of the subsystems of three similar type of engines. Before grouping
the TBF data, the level of heterogeneity of the failure data is checked using a meta-analysis
test. Meta-analysis checked whether the statistical results obtained from the TBF data of
each engine were similar to the statistical results obtained from the pooled TBF data of
the three engines. A sensitivity analysis test was also carried out for meta-analysis. In the
sensitivity analysis test, forest plot was performed for all five subsystems of the engine.
Figure 1 shows the steps followed for meta-analysis and sensitivity analysis in this paper.
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Figure 1. Steps followed for meta-analysis and sensitivity analysis.
3. Experimentation
3.1. Collection of Field Data
The failure data of each subsystem of three engines are presented in Table 2. The data were
collected from maintenance record book of the mine for three years. All TBF data are in hours.
Table 2. TBF of engine subsystems.













































































3.2. Grouping of Data
Meta-Analysis Test
To check the level of heterogeneity, the meta-analysis test was used. In the present
study, variability of the failure data among the three engines for each subsystem was
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tested using meta-analysis. Variability means the differences in statistical results obtained
between the individual failed data and the pooled failure data for a particular subsystem.
In Table 3, the column “downtime hours” describes the total non-operational hours of
a particular engine due to the problems related to the specific subsystem mentioned at the
top of the table. The “total run of engine” column indicates the total time in hours that the
engine was in operation.
The outcome or effect size (ES) column is calculated [11] as follows:
Downtime hours
total run o f engine
(1)




total run o f engine
(2)
Rate of outcome = Outcome × 100 (3)
The failure data for each subsystem is weighed (W) against its variance, and it is





where weighted effected size for each engine is determined by computing the product of
effect size and study weight.
(W × ES) (5)
Other important variables, W× ES2, are calculated for each engine, which are required










Finally, the level of heterogeneity, i.e., i2, is calculated. The i2 is used for quantifying
heterogeneity and is stated as a total variability percentage in a set of effect sizes due to






where “df” stands for degrees of freedom, which is equal to n − 1, where n is the number
of engines under study; in this case, it is 3 − 1 = 2.
For Confidence Interval (CI), the formula is as follows:
CI UPPER = Outcome + 1.96 × SE (8)
CI LOWER = Outcome − 1.96 × SE (9)
Effect summary is calculated as es = ∑(W×ES)∑ W .






Confidence Interval at 95% level is calculated as follows:
CI (es) = es∓ 1.96× SE (11)
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Table 3. Level of Heterogeneity (i2) values of all five subsystems.
Air Supply Subsystem
Engines Downtime Hours Total Run of Engine Outcome S.E. Rate W W × ES W × ES2 Level of Heterogeneity (i2)
1 18.5 30,641 0.000604 0.00014 0.060377 50,749,777.35 30,641 18.5
2.23%2 26 27,857 0.000933 0.000183 0.093334 29,846,632.65 27,857 26
3 21 29,520 0.000711 0.000155 0.071138 41496685.71 29,520 21
Self–Starting Subsystem
Engines Downtime Hours Total Run of Engine Outcome S.E. Rate W W × ES W × ES2 Level of Heterogeneity (i2)
1 46.5 30,641 0.001518 0.000223 0.151757 20,190,772 30,641 46.5
−170.23% which is taken as 02 47.5 27,857 0.001705 0.000247 0.170514 16,337,104 27,857 47.5
3 42 29,520 0.001423 0.00022 0.142276 20,748,343 29,520 42
Fuel Supply Subsystem
Engines Downtime Hours Total Run of Engine Outcome S.E. Rate W W × ES W × ES2 Level of Heterogeneity (i2)
1 33 30,641 0.001077 0.000187 0.107699 28,450,633 30,641 33
−452.77% which is taken as 02 25.5 27,857 0.000915 0.000206 0.091539 23,515,529 21,525.86 19.70
3 28.5 29,520 0.000965 0.000195 0.096545 26,406,982 25,494.55 24.61
Lubrication Subsystem
Engines Downtime Hours Total Run of Engine Outcome S.E. Rate W W × ES W × ES2 Level of Heterogeneity (i2)
1 34 30,641 0.00111 0.00019 0.110962 27,613,849 30,641 34
−52.67% which is taken as 02 38.5 27,857 0.001382 0.000223 0.138206 20,156,168 27,857 38.5
3 41.3 29,520 0.001399 0.000218 0.139905 21,100,010 29,520 41.3
Cooling Subsystem
Engines Downtime Hours Total Run of Engine Outcome S.E. Rate W W × ES W × ES2 Level of Heterogeneity (i2)
1 25 30,641 0.000816 0.000163 0.08159 37,554,835 30,641 25
−58.85% which is taken as 02 28.1 27,857 0.001009 0.00019 0.100872 27,616,101 27,857 28.1
3 32 29,520 0.001084 0.000192 0.108401 27,232,200 29,520 32
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4. Results and Discussions
To date, meta-analysis has not been used on industrial equipment, especially on
dumper engines. J.P T Higgins et al. [8] in 2003 measured inconsistency in meta-analysis.
E. Ahn et al. [16] used meta-analysis in Anesthesiology. Recently, C. Krittanawong et al. [22]
carried out meta-analysis on different machine learning algorithms used for cardiovascular
disease. R.M. Ghazy et al. [24] in 2020 used meta-analysis to obtain the statistical details of
the effects of different medicines on COVID-19 treatment. In this paper, the first attempt
has been made to use meta-analysis and Forest plot on industrial equipment failure data.
The novelty of this work lies in the fact that it addresses an industrial issue of the non-
availability of a representative number of failure data for reliability analysis [25–27].
4.1. Meta-Analysis Test
It can be observed from Table 3 that the level of heterogeneity value is negative for
self-starting, fuel supply, lubrication, and cooling subsystems [27–30]. Negative values for
the level of heterogeneity can be treated as equal to zero [10]. The level of heterogeneity
value for air supply subsystem is 2.23%, which is very low [11]. The zero value for four
subsystems and the low value of the level of heterogeneity for one subsystem indicates
that there is no variability among the failure data of three engines for all the five subsys-
tems. This suggests that all the samples came from same underlying distribution, thereby
supporting the result of the CBH test, which allows for the pooling of the failure data of
the three engines for each subsystem.
The heterogeneity value provides a comprehensive description, through several char-
acteristics, of the differential performance of the three engines in terms of various subsys-
tems. They are quite similar values, which can also be obtained from simpler statistical
calculations; however, heterogenity provides the confidence in the assessment of the differ-
ential levels of performance.
4.2. Sensitivity Analysis
The forest plot is employed in the sensitivity analysis. Forest plots are graphical
representations of the meta-analysis test [10]. A forest plot, also known as a blobbogram,
is a graphical display of calculated overall results. The forest plot allows us to directly
compare the individual studies and the quality of the result.
4.2.1. Sample Steps to Draw a Forest Plot for the Air Supply Subsystem
To draw forest plot data from the Air supply subsystem, data from Table 4 are used.
The following steps are performed:
i. First, a scatter plot is drawn in excel. X axis and Y axis values are taken from the
Rate column and the Ordinal number column of Table 4, respectively.
ii. The error bars are subsequently added by clicking the “Error Bar” button on the
right side. After right-clicking on the data series, click “format data series”, then
choose the “X error bar” Table. In this window, assign the columns CI lower and CI
upper as the lower and upper limit.
iii. The line marking values are then added to the summary effect value, first by right-
clicking on the graph, followed by Select Data. Then click on “add” and choose X
and Y values from the central tendency column of the table.
iv. A new set of points is seen on the graph. By right-clicking on any of the dots,
“format data series” can be selected. The “no marker” and “solid line” can be
chosen on the Marker Options and Line Color tabs.
v. The X axis is further formatted by right-clicking on it and choosing the logarithmic
scale, which also formats the Y axis up to value 5.
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Table 4. Data for forest plot of all five subsystems.
Air Supply Subsystem
Engines Downtime Hours Rate OrdinalNumbers CI Lower CI Upper Central Tendency
1 18.5 0.08 4 0.031 0.031 0 0.072
2 26 0.10 3 0.037 0.037 1 0.072
3 21 0.10 2 0.037 0.037 2 0.072
Summary 0.09 1 0.0005 0.0005 3 0.072
4 0.072
Self-Starting Subsystem
Engines Downtime Hours Rate OrdinalNumber CI Lower CI Upper Central Tendency
1 46.5 0.15 4 0.043 0.043 0 0.154
2 47.5 0.17 3 0.048 0.048 1 0.154
3 42 0.14 2 0.043 0.043 2 0.154
Summary 0.15 1 0.0013 0.0013 3 0.154
4 0.154
Fuel Supply Subsystem
Engines Downtime Hours Rate OrdinalNumbers CI Lower CI Upper Central Tendency
1 33 0.10 4 0.036 0.036 0 0.099
2 25.5 0.09 3 0.040 0.040 1 0.099
3 28.5 0.09 2 0.038 0.038 2 0.099
Summary 0.09 1 0.00077 0.00077 3 0.099
4 0.099
Lubrication Subsystem
Engines Downtime Hours Rate OrdinalNumber CI Lower CI Upper Central Tendency
1 34 0.11 4 0.0372 0.0372 0 0.127
2 38.5 0.13 3 0.0436 0.0436 1 0.127
3 41.3 0.13 2 0.0426 0.0426 2 0.127
Summary 0.12 1 0.00104 0.00104 3 0.127
4 0.127
Cooling Subsystem
Engines Downtime Hours Rate OrdinalNumbers CI Lower CI Upper Central Tendency
1 25 0.08 4 0.0319 0.0319 0 0.095
2 28.1 0.10 3 0.0372 0.0372 1 0.095
3 32 0.10 2 0.0375 0.0375 2 0.095
Summary 0.09 1 0.0007 0.0007 3 0.095
4 0.095
The same process is repeated for all remaining four subsystems.
The forest plot for all five subsystems is shown below in Figures 2–6.
In the forest plot, the horizontal axis displays the odds ratio (OR) or a relative risk
(RR). A vertical line represents the no-effect line. The diamond shape in the graph shows
the overall effect of the studies.
From the plot, it can be seen that all the plotted points mostly lie either on the center
line (line of no effect) or very close to it. Only two points in the air supply subsystem lie at
small distance away from the center line. This could also be verified from the arithmetic
value (Table 3), i.e., the i2 level of heterogeneity value, which is 2.23% for the air supply
subsystem. The level of heterogeneity for the remaining four subsystems are all at 0%.
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Figure 2. Forest plot of the Air Supply subsystem.
Figure 3. Forest plot of the Self-starting subsystem.
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Figure 4. Forest plot of the Fuel Supply subsystem.
Figure 5. Forest plot of the Lubrication subsystem.
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Figure 6. Forest plot of the Cooling subsystem.
4.2.2. Log Odds Ratio
The odds ratio is the probability of success/probability of failure. As an equation, that
is P(A)/P(−A), where P(A) is the probability of A, and P(−A) the probability of ‘not A’
(i.e., the complement of A).
The meta-analysis test and sensitivity analysis test carried out on the failure data of the
engine subsystems in this study allow for the pooling of the failure data of three engines.
Furthermore, the pooled data can successfully be used for reliability analysis. The grouped
TBF data, in hours, are shown in Table 5.
Table 5. Grouped TBF data of three engines.
S. No. Subsystems TBF
1 Air supply 2655, 633, 4112, 422, 600, 2036, 1479, 77, 3585, 1673, 646.
2 Self-starting 1246, 44, 856, 2328, 3913, 759, 423, 185, 761, 1197, 1116, 3450, 1920, 797, 550, 191, 917, 1595.
3 Fuel supply 423, 240, 525, 934, 3856, 96, 316, 914, 2036, 112, 1449, 290, 225, 2828.
4 Lubrication 2566, 2278, 426, 1584, 757, 238, 991, 916, 855, 1115, 1503, 1367, 990, 2926.
5 Cooling 3827, 2356, 577, 1823, 1177, 680, 1424, 3236, 170, 108, 219, 934, 329, 2149.
5. Conclusions
The problem associated with reliability analysis using an extremely small amount of
failure data has been solved in this paper. This research work serves as a guide, which
can be used for reliability analysis of any repairable system and its subsystems when
extremely small sample sizes of failure data are available. Using meta-analysis, the level of
heterogeneity can be obtained for systems and subsystems. Sensitivity analysis carried out
by creating a forest plot also supports the results obtained from meta-analyses. After com-
pleting the tests above, the extremely small failure data can thus be pooled. Furthermore,
the grouped failure data can effectively and easily be used for reliability analyses.
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